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Abstract

Attention mechanism was first designed for natural language processing (NLP) and then
was widely applied in the field of computer vision, which shows notable competence in
capturing long-range relationships. However, the dot product multiplication among
query-key-value features within the self-attention module results in exhaustive and
redundant computation. It is impractical for a self-attention module to directly handle
raw image data with millions of pixels. As a result, an image is usually partitioned into a
sequence of small patches or is processed by a Convolutional Neural Network backbone
to make the computation tractable before feeding into a self-attention module.
Furthermore, dimension alignment among query-key-value features within the self-
attention module might destroy the internal structure of the visual feature maps. To
address these problems, this paper proposes a plug-in module named Synthesizing
Tensor Transformations (STT) with its variants for self-attention which directly
processes pixel-level image features. Instead of computing the dot-product
multiplication among query-key-value, the basic STT learns to obtain the synthetic
attention weight by transforming the input visual tensor. The effectiveness of STT series
is validated on the image classification and image captioning. Experiments show that the
proposed STT achieves competitive performance while keeping robustness compared to
basic self-attention.
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1. INTRODUCTION

In recent years, the attention mechanism has generated considerable interest in the domain
of deep learning. The main breakthroughs of attention modules first appeared in Natural
Language Processing (NLP) [1-6], and then also in computer vision domain [7-10]. These
achievements have demonstrated that the attention module provided a different approach than
Convolutional Neural Network (CNN) models to handle the task and demonstrated a promising
performance.
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Generally, the attention module tends to exert a learnable weight on features to distinguish
importance from various perspectives. According to the computing techniques and tasks, the
attention modules can be categorized into two types. Hard attention module is non-
differentiable and requires computation tricks [11,12], while soft attention module is
differentiable thus having wider applications for visual tasks [13-15]. As a particular form of
attention, self-attention is applied as the core mechanism of the neural network named
transformer, which is widely employed in the field of computer vision. The essential advantage
of self-attention is that it focuses on the relative importance of own content rather than
weighing across multiple contents as a general attention mechanism. As one of the critical roles
in the self-attention mechanism, dot product multiplication among the features of query, key,
and value plays a significant role in learning self-alignment [16]. Precisely, employing the dot
product between a single token and all other tokens in the sequence could formulate the relative
importance score. Through pairwise dot product, the self-attention mechanism establishes a
content-based retrieval process.

However, do we really need to use dot production in the self-attention mechanism? Is it the
best choice to learn the self-alignment between the features of query and key? We cannot deny
that attention-based architecture is one of the most efficient models in machine learning, but it
also has space to improve [17]. Investigating the alternative plug-in module for current
architecture could help us to have a deeper understanding of the attention mechanism.
Undoubtedly, dot product multiplication has several benefits. But it also induces exhaustive and
redundant computation while exerting on the features. Especially on large-scale processing
data, the extra parameters and memory caused by dot product operations enormously increase
the burden of the training process. Moreover, in the computer vision task, self-attention for
images tends to compute the similarity scores among visual features [7,15,18] rather than
mapping for retrieval. In order to overcome the shortages of dot production, it is necessary to
search for another approach to improve the performance of the self-attention mechanism. As a
result, recent findings regarding the NLP attention module have led to an alternative approach,
named Synthesizer Attention [16], as shown in Figure 1.
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Figure 1. Dot product attention VS. synthesizers for NLP [16]. (a) Dot product based self-
attention for NLP. (b) Dense Synthesizer for NLP. (c) Random Synthesizer for NLP.

In this work, we provide a viable alternative to overcome the shortage brought from the dot-
production in the standard self-attention module, to pursue a better performance of visual self-
attention. Inspired by the NLP-like synthesizer [16,19], we propose a plug-in synthesizer to
replace traditional visual self-attention modules, namely, the Visual Dense Synthesizing (VDS)
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module. Compared with the NLP-like synthesizer, which contains one-dimensional natural
language vectors, our module applies the multidimensional tensor to adapt the presentation of
visual features. The module is basically composed of a tensor transformation for self-alignment
between query matrix and key matrix, without computing the dot-product multiplication
among the features of query-key-value. Removing dot product operations, the VDS gains some
straightforward advantages:

1. Replacing dot production with a learnable linear synthesizer reduces dependency on the
input, thus enhancing the robustness of the model against external perturbations;

2. The proposed linear synthesizer can be easily adapted to input data structure, without
reshaping the raw input. Thus, it is easier to preserve the underlying structure of feature maps;

3. Since the alignment transformations in the synthesizer are computed upon various
dimensions of feature maps, the attention is produced simultaneously in both channel and
spatial domain.

To further simplify the linear transformations in synthesizing, derived from the regular VDS
module, the paper further proposes a series of plug-and-play modules, namely, Synthesizing
Tensor Transformations (STT). The STT series are finally applied for the image classification
task and image caption task. According to the result of our typical classification experiment, the
STT series demonstrates that it is not only a viable alternative for the traditional self-attention
module but also has better robustness.

2. RELATED WORK
2.1.Self-Attention Mechanism

Self-attention attracts considerable interest due to its versatile application. For CNN-based
models, self-attention mechanism has been used in many modules, such as extra re-weighting
modules for channels [13,14,20], jointly spatial and channel attention module [15,21,22], or
remold convolution operation with self-attention [23-26].

Another line of works arranges self-attention to be a component in a pipeline for downstream
tasks, such as augmentation of feature maps for classification [23,27], object detection [7,28,29],
segmentation [30], image captioning [31] and depth estimation [32]. However, it is difficult to
directly apply the self-attention mechanism to pixel-wise data. [33] restricted self-attention
convolution within local neighborhoods for query pixels, and [30,34] restricted computation
along individual axes. [35] reduced image resolution and color space before transformer, and
[36] directly applied transformer on image sequence patches.

To reduce computational costs, some of the work adjust the structure of attention. [37]
divided and permuted the feature map thus smaller attention map would be conquered and
permuted back. [38] focused on the criss-cross around the key points on the feature of query,
key and value. [39] adopted double attention to re-allocate features for channels and the total
workload shrinks after feature gathering. Differently, another way is to reduce the length at
certain dimension [40], or divide computation by locality sensitive hashing [3].

2.2.Dot Product in Self-Attention

The regular dot-product operator based self-attention serves as a basic building block of
vision tasks [23-26].

As s illustrated in Figure 2,let X e R””“ be an input tensor with the height H , the width
W, the number of channels C.Before being fed into the self-attention block, the 3D tensor X’
is first flattened to a 2D matrix X € R”*“ Then input X is projected to corresponding
representations Queries Qe R", Keys K e R™“ and Values V e R""* with trainable
transformations such as linear mappings or convolutions, and have matching output
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dimensions. Take linear mapping as an example, the projection can be represented with 2D
matrices W, e R™, W, eR“ and W, e R, respectively. And d is the desired output

dimension of O, K and V. The corresponding representations of Queries Q, Keys K and
Values V' can be computed by:

Q=XW,,
K=XW,, (1)
V=XW,

The attention coefficients S € R”""" can be obtained by dot product operation:

S= Softmax(Q\/I%T J, (2)

th

where §; measures the similarity between the i® row of O and the j" row of K.

Finally, the output ¥ € R”"* is the weighted average over Values V with coefficients S':

Y = Attention(Q, K,V) =SV (3)
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Figure 2. Dot-product visual self-attention.
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3. SYNTHESIZING TENSOR TRANSFORMATION

To introduce our Synthesizing Tensor Transformation, we first give a fundamental model of
tensor synthesizer. And then, the specific tensor synthesizers would be provided as (a) Tensor
Dense Synthesizer, (b) Tensor Random Synthesizer, and (c) Tensor Factorized Synthesizer.

3.1.Preliminaries

Basic Tensor Synthesizer In the case of regular visual transformation architecture [36],
the tensor input X e is reshaped into 2D matrix X € R”””“ and the dot-product self-

attention could be interpreted as producing a dimension alignment from R to R""™",
as is shown in Figure 2.

Egl{xﬂ’xc

However, the flattening of input tensor may results in the loss of spatial information and a
prohibitively expensive computation when the dimension is high. As a result, to directly process

the tensor input X € R””*, we propose to synthesize tensor transformation for replacing the
dot-product self-attention in this section.

Formally,let ZeR”"* be the projected features of X € R”***“ via the mapping function
F(-),where C and d are the number of channels.

Z=F(X) (4)

Intuitively, F(-) could be a 3-mode tensor product. In detail, the mapping function F(-)
could be implemented as a three-layered feed-forward network, as follows:

F(X)=Xx, A(H) Xy A(W) Xe A(C), (5)

with A, A,, ,and A, are three matrices. For the convenience of understanding the

tensor product, Figure 3 gives an example of n-mode production. For a detailed introduction of
tensor products, we refer the interested readers to [41-43].

I\aﬁ 4

Figure 3. This figure visualizes an example of the 7 —mode product. The third-order tensor
X eR*™ is mapped into ZeR*** with a 3-mode product using matrices A, e R**,

5x7 6x9
Ay, eR™, A eR™.
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Definition 1 (n-mode product). Given a tensor X e R and a matrix A, e R, the
n-mode product is denoted by:

Xxn A 4 (6)

n

and results in an I xI,x---xI  xJ xI  x---xI, tensor. The entries of this tensor are
defined as:

I,

XXA) :Ex..... -a,,

( n M gty =ty g Julsr iy i by qbplyyr Iy Jnln? (7)
=

forall j =1,---,J .

Besides, to obtain an appropriate size of the matrix, a method named n-mode matrix unfolding
is required. Depending on this method, the multiplication is conducted between a k-order
tensor X along all its modes and matrices 4,,---,4, [43] and the layered feed-forward

network could be built as follows:
V=Xx A%, A,%; %, A. (8)
[t can be rewritten as the following linear system:
vee(Y) = (4, ®---® 4, ® 4, ) vec(X), (9)

where vec(-) means the vector space isomorphism: R _ R"="% which denotes the

operator that unfolds a tensor along the last dimension [43]. Therein, ® denotes the
Kronecker product operator. with which the Kronecker product of A and B is defined by:

AB - 4, B
A®B=| i .1 (10)
AB --- A

al

with 4, being an entry in A. More details about the Kronecker product could be found in

[42]. Therefore, the mapping F(-) could be presented as the tensor multiplication as the Eq.
(5). Figure 4 shows the process of the tensor multiplication with Kronecker product operator.
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Figure 4. [llustration for tensor multiplication with Kronecker product operator. In this case, a
three-dimensional tensor is first expanded along its vertical dimension. Then, the horizontal
dimension is expanded. After that, the third dimension is reduced to get a two-dimensional
matrix.

3.2.Synthesizer Tensor Model

Tensor Dense Synthesizer To achieve the mentioned dimension alignment on raw tensor
X without the dot-product self-attention mechanism, we define a tensor transformation to
compute attention coefficients by replacing the dot-product self-attention.

Definition 2 (Tensor transformation). Given the input tensor X e R""*“, the attention
coefficients defined in Eq. (2) could be computed with n-mode production:

Z=Xx, AEQ,) X, AEIW),) X, A? (11)

(O

S =Softmax(Z2), (12)

with AE’,;) e R A% e RV AEIC)) eR™, Z,SeR™* " and | denotes the layer
number.

The combination of Eq. (11) and Eq. (12) is referred to the VDS module, which eliminates the
dot product altogether by replacing QK' in standard self-attention with the synthesizing
function defined in Eq. (11), as shown in Figure 5(a). Then, the output is computed by:

Y =Synthesizer(Q,V) =SV (13)
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Figure 5. Phase analysis of arrangement

However, to achieve dimension alignment on input tensor X with Eq. (11), the output

tensor Z e RV

could be assigned the dimension with three different transformations, as

shown in Figure 6. Therein, Z,,Z,,Z. are computed as follows:

Zy=Xx A%, Ay % A

3 (3o
with A, e R , A(z) c RHWW , Ay e RHch;
Z, =Xx, A(l) X, A(z) X, A(3),
with A(l) c RHWXH' A(z) c RIXW, A(3) c RHch;
Z.=Xx, A(l) X, A(z) X, A(3),

. HWxH HWxWw IxC
with A, eR A, eR , Az eR™

)

16

(14)

(15)

(16)
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Figure 6. Three different transformations that achieve the same dimension alignment: (a)
reducing the first dimension, (b) reducing the second dimension or (c) reducing the third
dimension, while expanding the other two dimensions.

It is difficult to determine the dimensions of AEQ,), A%, AE’C)), i.e, how to assign the

dimensions HW, H, W, 1 tothreetransformations. We note that all the proposed synthetic
attention variants can be mixed in an additive fashion. As a result, Eq. (13) can be expressed as:

Y =Softmax(Z,, +Z,, + Z. V. (17)

Tensor Random Synthesizer In the model of Tensor Dense Synthesizer, the features of input
X are projected from to R”™ " via the 3-mode tensor product. Intuitively, the
synthesizer implements the conditioning on each dimension independently. In contrast, the
Tensor Random Synthesizer utilizes the random value as initialized attention weights, as shown
in Figure 5(b). Then, the attention weights could either follow the training process to update,
or keep fixed.

RHXWXC

Since the synthesizer can be regarded as a self-alignment of dimensions, we can try to set Z
as arandom matrix R and the Random Synthesizer is defined as:

Y = Synthesizer(Q, V) = Softmax(R)V’, (18)

with Re R being a randomly initialized matrix. The attempt to utilize the random
initial matrix identifies the idea that it is unnecessary to rely on any information from the
individual input feature. Therefore, the Tensor Random Synthesizer tends to learn the task-
specific alignment through the training process.

Compared with the token-token self-attention, the synthesizers can handle the input tensors
with longer sequences or higher dimensionality. In our work, the factorized approach will
further reduce computation, and we will introduce it in the next section.
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3.3.Multiple-level Factorized Tensor Synthesizer

We replace the dot-production in the standard self-attention module with our synthesizer
module in the Tensor Dense Synthesizer. However, the synthesizer is too burdensome to learn
when the size of parameters is too large. As shown in Eq. (11), the basic 3-mode tensor

synthesizer contains several parameters A{ e R™" Al e R"™" = A{ e R". Therefore,

there are several factorized tensor synthesizer models introduced.

Tensor Dense Factorized Synthesizer To reduce the size of parameters, partially
avoiding the over fitting while HW being huge, the parameter matrices within the Kronecker
product could be decomposed [42], as shown in Figure 7. The Kronecker decomposition is the
inverse process of Kronecker product operation.

8

2 3 2
6 = ()R’ ®i®1i
X X, X, X X

Figure 7. An example of Kronecker Decomposition. As the inverse process of Kronecker
production, X € R®® could be decomposed into X, e R™*, X, eR*?, X, eR™ and

X, eR™, where 6=1x2x3x] and 8=2x2x1x2.

For example, A(”) could be approximated by N small matrices:
Al = D(Af) = Al ® AL, ©-BAY, . (19)

where D(:) represents Kronecker decomposition, AEZ) eR“*% for i=12,---,N ,

HW =aa, --a,, H=pBp,-B,. By using the Kronecker decomposition, AEZ), AEIV;), AEIC))

can be easily factorized to several very small matrices. The Tensor Dense Synthesizer in Eq. (13)
could be reformulated as Tensor Dense Factorized Synthesizer, which is defined as:

Z=xx,D,(A9 )%, D, (A% )x. D.(A2),
S =Softmax(Z2), (20)
Y = Synthesizer(Q,V) =SV,

where D(-) decomposes the weight matrices.

Tensor Random Factorized Synthesizer Similarly, the factorized synthesizer could also be
applied into Tensor Random Synthesizer, as shown in Figure 7. The idea is to decompose the
random coefficient matrix R e R”" into several low rank matrices R, e R“*/,i=1,2,.--,N:

R=R®R,® --®R,,

21
Y =Synthesizer(Q, V') = Softmax(R)V, (21)
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N
where o, --ay=HW , BB, --py=HW, and Zalﬂi << HW xHW . With the reduced
i=1
size of parameters, it can avoid the over-fitting problem.
Mixture Tensor Synthesizer With the above four kinds of tensor synthesizer models been
introduced, a compounded model could be proposed by mixing the synthesizers in additive
fashion. For instance:

Y = Softmax(6,S,(X)+--+6,,S,, (X)), (22)

M
where 6, are the learnable weights, and ZQ. =1. §, are the different synthesizer models.
i=l1
To be specific, the Mixture Tensor Synthesizer in the experiments is composed of Tensor
Random Factorized Synthesizer and Tensor Dense Synthesizer, which could be represented as
follows:

Y =Softmax(6R +6,Z)V, (23)

where R and Z aredefinedinEq.(21)and Eq. (11), respectively. By employing more than
one kind of synthesizer, it is possible to achieve better performance.

4. EXPERIMENTS

In this section, the performance of our proposed STT module series on vision tasks is
thoroughly investigated on image classification and image captioning. The experiments focus
on the performance of the robustness of the model. For convenience, we abbreviate the
proposed STT series and comparison methods. The details of information are listed in Table 1.
Matrix Dense Synthesizer being the basic synthesizer proposed in [16], and Tensor Dense
Synthesizer being our basic tensor synthesizer for vision tasks, Tensor Height Synthesizer being
the tensor synthesizer with an attention map full rank in height, and Mixture Tensor Synthesizer
being the synthesizers mixed in additive fashion.

Table 1. Abbreviation of model zoo

Abbreviation Combination
None Convolution Baseline
CT CNN + Transformer [44]
CL CNN + Linformer [40]
SD CNN + Matrix Dense Synthesizer [16]
STT CNN + Tensor Dense Synthesizer
SR CNN + Tensor Random Synthesizer
STTH CNN + Tensor Height Synthesizer
STTW CNN + Tensor Width Synthesizer
FSD CNN + Tensor Dense Factorized Synthesizer
FSR CNN + Tensor Random Factorized Synthesizer
MS CNN + Mixture Tensor Synthesizers

4.1.Image Classification
4.1.1 Implementation Details

STT series are validated on the benchmark image dataset CIFAR10 [45] for classification.
CIFAR10 is composed of 10 classes, and it has 50000 images for training, 10000 for testing. To
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validate the functionality of the STT series as attention modules applied to a deep learning
framework, we employed three different perturbations to test the model robustness of above
all approaches. The applied perturbations include Gaussian noise, image rotations and flipping.

1) Gaussian noise: random noise is added on each pixel of the input image, and we want to
test whether the attention computed on the global scale outperforms the split ones.

2) Rotations and flips: once the rotations or flips are exerted, the order among channels
would change correspondingly, while STT series treat the feature map as a whole.

To ensure fair comparisons with traditional self-attention modules, we use a two-layer CNN
as the baseline and evaluate performance based on classification accuracy. Besides, we select
Transformer [44], Linformer [40], and Matrix Dense Synthesizer [16] to test their robustness in
the same baseline structure.

The Transformer and Linformer modules employ the dot-product to compute the similarity
between token to token. And Matrix Dense Synthesizer also applies the synthesizer mechanism
to replace the dot production, but it doesn't leverage the basic tensor synthesizer in their
module. Through the comparison, we could prove our STT series satisfy the requirement to
become a valuable alternative to the dot-product-based self-attention model. Moreover; it has
better robustness performance.

4.1.2 Quantitative Analysis on Robust Classification

According to our proposed STT series, one of the advantages is that they possess strong
robustness against external perturbations. The reason is that they calculate attention maps
without splitting the feature maps. Thus, the baseline model reduces the reliance on the input,
and the underlying structure of the feature map has more possibility to be preserved.

Our STT series has a more negligible effect from external perturbation on the raw input than
the dot-production-based self-attention modules. Hence, to evaluate the robustness validation
for our proposed STT series, we conduct the image classification task to compare the STT series
with traditional self-attention modules.

Gaussian Noise As a common statistical noise caused by sensor during sampling or
transmission, Gaussian noise is a widespread type of disturbance for digital images. Varied
levels of Gaussian noises are utilized to corrupt the images for model robustness evaluation,
with detailed settings and evaluation results provided in Table 2.

Table 2. Accuracy of image classification with relatively small gaussian noise

Noise 0.01 0.0z 0.03 004 005 006 0.07 0.08 0.09 0.10
None 4596 34.35 27.8 22.83 20.01 1786 16.23 15.07 1445 13.76
CT 47.02 35.83 29.21 247 2149 1933 1741 1651 1542 14.8
CL 41.51 2854 21.69 1856 16.16 14.53 13.57 1241 12.17 11.5
SD 48.71 37.79 31.54 273 237 2223 2018 1892 1745 17.03
SR 4593 34.02 27.06 23.01 1991 1736 16.02 1493 13.93 13.4
FSR 46.51 37.28 31.69 27.56 2414 226 2062 19.75 1825 17.76
FSD 68.9 375 3042 2589 2285 20.7 1933 1791 1687 16.07
STT 47.29 36.81 3198 28.11 25.49 23.75 22.39 21.44 20.09 19.54
STTH 44.66 3092 23.26 19.58 17.08 15.12 14.04 1335 12.61 12.26
STTW 422 30.21 23.65 1992 1753 1641 1518 14.65 1433 13.64
MS 48.2 368 29.55 2513 2145 1934 17.74 16.61 1576 15.26
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As shown in Table 2, the accuracy of the classification decreases with the Gaussian noise
increasing. From the comparison of the two series of methods, it can be concluded that as the
variance in the Gaussian distribution increases, the STT series exhibits greater noise resistance
than models utilizing dot-production. When the variance of the Gaussian noise is 0.01, the FSD
method of the STT series achieves the highest accuracy of 68.9, significantly outperforming
other methods. As the noise variance increases, the STT method shows an outstanding
advantage, achieving the best performance across all methods when the noise variance ranges
from 0.03 to 0.1. Among the STT series, the worse performance of STTH and STTW might result
from inferior representation because the information is only gathered from one dimension of
the feature map compared to the transformer. Compared with the modules employing dot-
product, synthesizing modules appear higher accuracy when Gaussian noise influences them.

Robustness against Flipping Flipping is common in image augmentation process, which
could be categorized into horizon flipping, vertical flipping, and flipping both in horizon and
vertical. The robustness evaluation results against flipping are recorded in Table 3.

Table 3. Accuracy of images classification with flips

Module horizon vertical h\(/);l'ii(::I;lJr
None 64.74 25.18 25.08
CT 64.93 25.52 25.45
CL 65.31 25.2 25.05
SD 65.7 25.08 25.21
SR 65.86 26.06 25.72
FSR 65.08 24.63 25.14
FSD 66.28 26.41 26.58
MS 65.6 25.75 25.99
STT 66.09 27.16 27.32
STTH 66.09 29.29 28.9
STTW 65.77 27.45 27.46

From Table 3, we observe a significant decrease in accuracy once the vertical transformation
is applied. Comparing the synthesizing modules with those employing dot-product, there is no
significant difference between the two approaches. It demonstrates that the synthesizer
modules are not more vulnerable under the flipping noise. Even though all the models have
severe impair from vertical flipping noise, the STT series has slightly better accuracy.

Images with Rotations We apply rotations (Unit: Degrees) to the original images to
evaluate the robustness with the model zoo. Detailed settings and results are recorded in Table
4.
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Table 4. Accuracy of image classification with rotations

Rotation 30 60 90 120 150 180 210 240 270 300 330
None 37.58 26.51 23.07 21.12 194 1939 18.68 18.89 18.27 17.74 174
CT 36.54 36.57 23.27 2125 19.75 19.44 19.7 1861 18.19 1846 17.75
CL 3753 2686 23.61 215 20.16 1861 19.19 1795 17.62 1795 17.95
SD 379 38.64 23.24 2179 19.26 19.45 19.36 1851 1755 17.6 17.98
SR 33.72 247 22.06 1988 19 18.17 18.03 17.22 17.03 17.23 16.79
FSR 37.04 2686 23.1 20.69 19.72 18.69 18.7 18.27 17.69 17.17 17.08
FSD 39.27 28.85 23.55 2285 2037 19.85 1995 1871 18.86 18.34 17.88
MS 3791 2693 2296 21.74 19.61 1889 1876 18.01 18.06 17.62 17.65
STT 38.71 3836 2451 218 2097 20.36 20.89 1993 1986 19.12 20
STTH 4232 3044 2628 24.53 22.17 22.18 22.37 21.83 20.85 20.07 20.16
STTW 45.53 31.72 27.21 24 22.39 22.23 22.03 21.27 20.61 20.31 19.89

In Table 4, it is obvious that the classification accuracy of the whole model zoo is impaired
when rotation increases. However, the accuracy of the STT series represents a similar
decreasing tendency. It proves that the STT series has the same performance as dot-production
models when they are suffering the rotation noise.

Despite the STTH and STTW modules, other approaches don't reveal the resistance of
rotation noise. While transformer weakens the baseline CNN structure, STTH and STTW have a
relatively better accuracy performance. Based on such result, we make an assumption that the
full-rank attention map to give them a better robustness against the effect of rotation. This
assumption could also explain that the STT has a relatively better result, because it also has a
full-rank attention map.

4.2.Image Captioning
4.2.1 Implementation Details

We report our results on COCO-2014 [46] dataset with 82,783 images for training, 40,504
images for validation and 40,775 images for testing. The results are reported under standard
evaluation protocol, where captioning metrics include full set of BLEU [47], along with METEOR
[48], CIDEr [49], ROUGE [50]. Most of them are based on #-gram to evaluate the quality of the
generated sentences with ground truths, and they complement each other to yield fairer results.

4.2.2 Quantitative Analysis of Image Captioning

The performance quantified by the seven metrics is summarized in Table 5, from which we
can see that both LSTM-based and transformer-based image captioning framework perform
worse than STT series for all seven metrics. It is interesting that LSTM-based model appears to
be inferior to transformer-based models, given that transformer frees the model from
sequential input dependence. Furthermore, all of modules from STT series tend to improve the
results than traditional methods. Besides, MS (Tensor Mixture Synthesizer) seems to achieve
most of the best results among the model zoo.
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Table 5. Image captioning performance with STT series

Meric BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE CIDEr
LSTM 0.7191 0.5153 0.3468 0.2339 0.2725 0.5699 0.8128
Transformer  0.7077 0.5035 0.3392 0.2289 0.2692 0.5621 0.7970
SD 0.7921 0.6566 0.5386 0.4457 0.3686  0.7211 1.2099

SR 0.7888 0.6542 0.5359 0.4433 0.3688 0.7213  1.2040

MS 0.7925 0.6569 0.5383 0.4451 0.3691  0.7225 0.2104

FSR 0.7876 0.6505 0.5293 0.4345 0.3646  0.7159 1.1793

Moreover, in comparison with baseline caption models with LSTM and Transformer, both SR
(Tensor Random Synthesizer) and FSR (Tensor Factorized Random Synthesizer) yield better
results with less time for testing, and fewer parameters. The alignments in transformer are
conducted on one side of the feature map while dense synthesizer enables a competitive
attention for three sides of the feature tensor, which might result in the overall performance
superiority of STT against the baselines.

5. CONCLUSION

In this paper, we present a self-attention plug-in module with its variants, named the series
of STT. It employs the tensor transformation for self-alignment to replace the traditional dot-
product multiplication in the self-attention module. Through this novel approach, the shortage
of exhaustive and redundant computation caused by dot-production is dramatically mitigated.
In our image caption experiments, the STT series achieve most of the best results with less time
in testing, and use fewer parameters. Moreover, because the synthesizing mechanism notably
reduces the input feature's reliance, the underlying structure is preserved. The STT series
strongly facilitate the robustness of the baseline model. In image classification experiments, the
STT series represent the competitive robustness encountering multiple external perturbations.
It demonstrates the STT series have the potential to improve the robustness, lower the
overfitting, and the flexibility to be extended to more deep learning architectures.
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